Differential network biology by Ideker, Trey & Krogan, Nevan J
REVIEW
Differential network biology
Trey Ideker
1,2,* and Nevan J Krogan
3,4,5,*
1 Departments of Medicine and Bioengineering, University of California
San Diego, La Jolla, CA, USA,
2 The Institute for Genomic Medicine, University of California San Diego,
La Jolla, CA, USA,
3 Department of Cellular and Molecular Pharmacology, University of California
San Francisco, San Francisco, CA, USA,
4 California Institute for Quantitative Biosciences, QB3, San Francisco, CA,USA
and
5 J David Gladstone Institutes, San Francisco, CA, USA
* Correspondingauthor.TIdeker,DepartmentsofMedicineandBioengineering,
University of California, 9500 Gilman Drive, San Diego, La Jolla, CA 92093,
USA. Tel.: þ1 858 822 4558; Fax: þ1 858 822 4246;
E-mail: tideker@ucsd.edu or NJKrogan, Department ofCellular andMolecular
Pharmacology, University of California San Francisco, San Francisco,
CA 94158, USA. Tel.: þ1 415 476 2980; Fax: þ1 415 514 9736;
E-mail: krogan@cmp.ucsf.edu
Received 27.9.11; accepted 6.12.11
Protein and genetic interaction maps can reveal the overall
physical and functional landscape of a biological system. To
date, these interaction maps have typically been generated
under a single condition, even though biological systems
undergo differential change that is dependent on environ-
ment, tissue type, disease state, development or speciation.
Several recent interaction mapping studies have demon-
strated the power of differential analysis for elucidating
fundamental biological responses, revealing that the
architecture of an interactome can be massively re-wired
during a cellular or adaptive response. Here, we review the
technological developments and experimental designs that
have enabled differential network mapping at very large
scales and highlight biological insight that has been
derivedfromthistypeofanalysis.Wearguethatdifferential
network mapping, which allows for the interrogation of
previously unexplored interaction spaces, will become a
standard mode of network analysis in the future, just as
differential gene expression and protein phosphorylation
studies are already pervasive in genomic and proteomic
analysis.
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Introduction
Physical and genetic interaction networks provide key insights
into complex biological systems, from how different processes
communicate to the function of individual residues on a single
protein (Beltrao et al, 2010). For instance, the systematic
identiﬁcation of pairwise protein interactions (Stelzl et al,
2005; Tarassov et al, 2008; Yu et al, 2008; Consortium, 2011) or
protein complexes (Butland et al, 2005; Gavin et al, 2006;
Krogan et al, 2006; Sowa et al, 2009) has been a widely used
strategyfor understanding the physical architecture of the cell.
Other types of physical interactions that are being mapped
systematically include transcriptional protein–DNA interac-
tions (Ren et al, 2000; Iyer et al, 2001) and kinase–substrate
interactions (Ptacek et al, 2005; Linding et al, 2007). Genetic
networks, in contrast, chart pairs of genetic mutations that in
combination cause lethality or other phenotype—information
that complements the structural information provided by the
physical network (Tong et al, 2001; Roguev et al, 2007; Butland
et al, 2008; Typas et al, 2008; Horn et al, 2011). Large network
databasessuchasBioGRID,HPRD,IntAct,DIPandGeneMania
(Xenarios et al, 2002; Keshava Prasad et al, 2009; Aranda et al,
2010; Warde-Farley et al, 2010; Stark et al, 2011) record
hundreds of thousands of physical and genetic interactions
from a wide variety of organisms.
Despiteallofthisexcitingpriorworkinnetworkmapping,at
least one point stands out as remarkable: almost all physical
and genetic networks, to date, have been examined under a
single static (usually standard laboratory) condition. Biologi-
cal systems, however, are highly dynamic entities that must
continuously respond to a host of environmental and genetic
changes or can be altered more slowly over an evolutionary
period. It seems clear that if we are to develop a complete
understandingof cellulardynamics,fast, sloworevolutionary,
we must ﬁrst understand how these dynamics effect, or are
affected by, changes in the underlying physical and genetic
networks.
Some understanding of the dynamics of large networks has
been achieved by integrating static interaction measurements
with dynamic changes in gene expression or metabolic ﬂuxes
(Ideker et al, 2002; Luscombe et al, 2004; Sauer, 2004; de
Lichtenberg et al, 2005). These approaches seek to extract
interactions from the static network that appear to be active
under the new experimental conditions. However, these
approaches are, by deﬁnition, unable to identify new interac-
tions, complexes or pathways that are condition-speciﬁc, nor
can they distinguish between changes in network state and
changes in network wiring.
For this reason, an increasing number of studies have begun
analyzing the dynamics of physical and genetic networks
directly, through experimental mapping of networks across
multiple conditions, species or times. As their main goal, these
differential mapping approaches move away from charac-
terizing absolute properties of the system to concentrate on
a speciﬁc dynamic systems response. Rather than asking
‘What parts of the system are the most abundant or
dominant?’ they ask ‘What parts of the system are most
affected by perturbation?’
Differential interaction maps thus chart a new type of
interaction landscape that is fundamentally distinct from the
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are not necessarily those that are strong in static conditions,
they are those that are most clearly changing. Conversely,
interactions present in both conditions are downplayed or
removed from the differential network. For physical networks
(protein–protein or protein–DNA), differential interactions
imply mechanistic changes that are a result of an organism’s
response to environmental conditions. For genetic networks
(synthetic-lethals or epistasis), interactions reﬂect functional
consequences of mutations, not direct physical mechanisms.
Thus, differential genetic interactions are a reﬂection of
which cellular processes are differentially important under
the studied condition.
In the remainder of this review, we summarize recent
experimental and bioinformatic approaches for charting the
dynamics of large physical and genetic interaction maps. We
illustrate parallels between differential analysis of networks
and previous differential analysis of a wide array of large-scale
data sets. In addition, we discuss recently proposed quanti-
tative methods for differential network analysis based on
subtraction of interaction scores across conditions. These
methods distinguish interactions that enable dynamic cellular
processes from those that support the housekeeping functions
of a cell.
Precedence for differential approaches in
biology
Conceptually, differential network analysis is very similar to
the way in which many other large-scale biological data types
are now analyzed (Figure 1). For example, mRNA differential
display and the two-color microarray revolutionized gene
expression analysis because these techniques permitted direct
comparison of two conditions and thus identiﬁcation of
differentiallyexpressedgenes(LiangandPardee,1992;Schena
et al, 1995). A few years later, the microarray was adapted for
a very different type of differential analysis: competitive
growth phenotyping of barcoded mutations in budding yeast,
allowingforidentiﬁcationofgenesthatarerequiredforgrowth
in certain conditions (Winzeler et al, 1999). In this same vein,
use of mass spectrometry to uncover differentially expressed
protein levels or protein post-translational modiﬁcations
under different conditions or species has provided unique
insight into the regulation of the cell (Gygi et al, 1999; Ong
et al, 2002; Aebersold and Mann, 2003; Linding et al, 2007;
Beltrao et al, 2009; Holt et al, 2009; Tan et al, 2009). Given this
prior history, it is not surprising that differential network
analysis is being recognized as a powerful approach to help
understand a cellular response.
Differential mapping of physical
interactions
An early case in which large network maps were analyzed
differentially is the comparison of protein–protein interaction
(PPI) data across species. Cross-species PPI analysis can be
illuminating in terms of uncovering evolutionary conserved
structures. For example, the PPI networks of Saccharomyces
cerevisiae were compared against other microbial species such
as Helicobacter pylori to predict previously uncharacterized
PPIs (Matthews et al, 2001; Yu et al, 2004) or to identify
evolutionarily conserved protein complexes (Kelley et al,
2003). Further work used multiple network alignment across
three species simultaneously—yeast, ﬂy and worm—to
accurately infer conserved protein complexes and pathways
in all three organisms (Sharan et al, 2005). However, all of
these evolutionary network comparisons focused on interac-
tions that are found in common across species, not those that
differ. Differential interactions were difﬁcult to detect because
the networks of each species were measured in independent
studies with relatively low network coverage in each study,
resulting in a high false negative rate. Thus, failure to ﬁnd
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Figure 1 A historical timeline of differential approaches in biology. The top half of the timeline (green) tracks approaches used for differential analysis of molecular
proﬁlesover thepast 20years; thebottomhalf(yellow)tracksparallel approaches fordifferential analysisofmolecularnetworksthathaveemergedmore recently,within
the past decade.
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low network coverage, not evolutionary divergence.
Beyond comparison of PPIs across species, very little effort
has been expended to characterize PPI networks under
different conditions within a given species. In one early
exception, Wrana and colleagues developed the LUMIER
(luminescence-basedmammalianinteractomemapping)strat-
egy to identify pairwise PPIs among a set of human factors
with and without stimulation by transforming growth factor b
(TGFb) (Barrios-Rodiles et al, 2005). In the LUMIER approach,
the luciferase enzyme is fused to protein ‘baits’ of interest and
expressed in the same cell with Flag-tagged protein ‘preys.’
Using an anti-Flag antibody, prey proteins are immunopreci-
pitated in different conditions and the potential interactions
measured quantitatively by the intensity of light in a luciferase
assay. There is no formal score computed for the change in
interaction strength between conditions; rather, baits with
cross-condition interaction changesarequalitativelyidentiﬁed
and validated biochemically. For instance, differential PPI
mapping in the presence and absence of the TGFb has allowed
for the identiﬁcation of functional links between the TGFb
pathway, the p21-activated kinase network and Occludin, a
structural component regulating tight junctions during epithe-
lial-to-mesenchymal transitions.
More recently, a quantitative approach has been presented
for measuring differential interactions in PPI networks (Bisson
et al, 2011). This approach, which the authors call afﬁnity
puriﬁcation-selected reaction monitoring (AP-SRM), was used
to map quantitative changes in interaction with the protein
Grb2, an adapter protein that participates in diverse protein
complexes involved in multiple aspects of cellular function.
This network was generated in HEK293T cells at six
time points after stimulation with epidermal growth factor
(Figure 2) as well as in the presence of ﬁve other growth
factors. SRM was used to measure integrated peak intensities
for each peptide, which were combined into a weighted
average intensity at each time point or condition. An intensity
fold change was then calculated for each protein between two
conditions, representing the change in interaction strength.
The signiﬁcance of this change was estimated using a statistic
similar to the t-test, whose value increases with the difference
in peak intensities but decreases with the variance observed
over biological and technical replicates. Analysis of the
resulting differential interactions showed that the composition
of Grb2 complexes was remarkably dependent on the growth
factor used for stimulation. By focusing on additional hub
proteins beyond Grb2, this method is likely to be useful for
obtaining a global overview of protein network remodeling in
response to a stimulus.
Apart from PPI studies, a few studies have proﬁled
transcriptional (protein–DNA) physical interactions under
different conditions and across species.For example, Harbison
et al (2004) carried out a genome-wide analysis of transcrip-
tion factor binding in the yeast S. cerevisiae using the
technique of chromatin immunoprecipitation followed by
microchip hybridization (ChIP-CHIP), with some of the data
being collected under different stimulating and stress condi-
tions. Workman et al (2006) performed a ChIP-CHIP study
focused speciﬁcally on the changes in transcriptional wiring
that occur with respect to yeast transcription factor binding
after exposure to the DNA damaging agent methyl methane-
sulfonate (MMS), for 30 different transcription factors. Cross-
species analysis of a handful of transcription factors in both
yeast (Borneman et al, 2007; Tuch et al, 2008) and mammalian
cells (Schmidt et al, 2010) has revealed that protein–DNA
interactions evolve quite rapidly over evolutionary time.
Differential mapping of genetic
interactions
Geneticinteractionmappinghasalsobeensuccessfullyusedin
a cross-species mode to compare budding and ﬁssion yeasts
(Dixon et al, 2008; Roguev et al, 2008). When the data derived
from these genetic networks are combined with PPI data, they
provide a unique view of the conservation of the interaction
architecture across eukaryotic organisms. For example,
Roguev et al (2008) revealed that protein complexes were
highly conserved between the different yeasts, but that the
genetic interactions between protein complexes had diverged
signiﬁcantly. Cross-species drug proﬁling in these two same
organisms revealed that the use of two very divergent
eukaryotic species allows for a more accurate prediction of
evolutionary conserved drug mode of action (Kapitzky et al,
2010). Related cross-species drug proﬁling studies have
extended this type of analysis to other yeast species, including
Candida and Cryptococus (Spitzer et al, 2011). Extension of
these types of works to higher organisms will provide even
greater insight into the genetic and physical architecture of the
eukaryotic cell.
Quantitative analysis of genetic interactions, where both
positive (alleviating) and negative (aggravating) interactions
are observed along with their interaction strengths, was
initially accomplished in budding yeast using the E-MAP
(epistatic miniarray proﬁle) approach (Schuldiner et al, 2005;
Beltrao et al, 2010). Recently, we have developed a strategy for
mapping genetic networks not only quantitatively but also
differentially—an approach we call differential epistasis
mapping or dE-MAP (Bandyopadhyay et al, 2010). To create
a dE-MAP, large-scale quantitative genetic interaction screens
are performed on solid agar in two different conditions, such
as with and without treatment by a pharmacologic agent
(Figure 3). Next, a differential interaction score is computed
for each gene pair, by subtracting the static score in the ﬁrst
condition from the static score in the second, then indexing
this value against the null distribution of values expected
when the two conditions are equal replicates. A similar
approach has been used to demonstrate changes in genetic
interactions in a lower-throughput, liquid culture-based
format (St Onge et al, 2007), and work has also been carried
out in Drosophila melanogaster to map genetic interactions
using RNAi in different genetic backgrounds (Bakal et al,
2008).
As a proof-of-principle, the ﬁrst implementation of the dE-
MAP approach was to analyze the differential network that
arises when cells are challenged by DNA damage. Genetic
interactions were interrogated among a set of 418 signaling
and transcription genes, leading to the creation of B80000
double-mutant strains. Double mutants were grown with or
without 0.02% MMS, a model DNA damaging agent. The
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interaction scores in each condition and, from these static
scores,asetofsigniﬁcantdifferentialinteractionswasderived.
The majority of static interactions detected in MMS-treated
conditions (53%) were not observed in untreated conditions,
indicating that a DNA damaging agent dramatically alters the
genetic interaction landscape. The data also revealed that
protein complexes are generally stable in response to
perturbation, but the functional relations between these
complexes are substantially reorganized. Interestingly, a
similar trend was observed when analyzing genetic and
physical data across different eukaryotic species (Roguev
et al, 2008).
Parallels between housekeeping genes
and housekeeping interactions
Housekeeping genes are genes such as actin, myosin, albumin
and GAPDH that encode the most fundamental components of
cell function and, as such, are expressed constitutively across
cells and tissues (Lewin, 2007). Although dividing genes into
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simpliﬁcation (certain housekeeping genes have signiﬁcant
variance in expression; Andersen et al, 2004), housekeeping
genes have nonetheless been a useful concept for several
reasons. First, due to their abundant and constant expression
across conditions they are used frequently as controls for gene
and protein expression analysis techniques. Second, theyhave
motivated differential analysis methods such as cDNA library
normalization, mRNA differential display, two-color gene
expression microarrays, and ICAT and SILAC proteomics
(Figure 1), in which the constant expression levels of house-
keepinggenes and proteinsarenormalized away in an attempt
to highlight expression levels that are markedly changing.
The same set of concepts and considerations applies not
only to genes and proteins but also to gene and protein
networks. While some interactions appear and disappear
dynamically, many others remain strong irrespective of
condition and some of these correspond to processes that
might be considered ‘housekeeping.’ In mapping of static
networks, itisperhaps notcoincidental that manyofthemajor
discoveries in these networks to-date have related to essential
housekeeping processes such as basic life support and the
central dogma of transcription and translation. For example,
static genetic networks have been very effective at identifying
novel interactions underlying DNA replication (Collins et al,
2007; Nagai et al, 2008; Lambert et al, 2010), RNA splicing
(Wilmes et al, 2008) and protein folding (Zhao et al, 2005).
On the other hand, of at least equal interest are those
interactions that are activated only during a speciﬁc cellular
response. For example, in our study of DNA damage-induced
genetic networks using the dE-MAP technique (Bandyopad-
hyayetal,2010),boththeuntreatedandtreatednetworkswere
strongly enriched for a common set of interactions with genes
involved in transcription, translation, chromatin and other
cellular housekeeping machinery (Figure 3B). In the differ-
ential analysis of these networks, however, new DNA damage
response functions were identiﬁed for a number of genes
(e.g., centromere binding factor 1 or CBF1) for which the new
function becomes apparent only after subtraction of one
network from the other. Interestingly, DNA repair factors also
form a rich cluster of interactions in static genetic networks
(Collins et al, 2007; Costanzo et al, 2010) although theyare not
interaction ‘hubs’ as they are in the differential DNA damage
network (Bandyopadhyay et al, 2010). Thus, both static and
differentialmapsprovideusefulinformationaboutaparticular
pathway or cellular response.
It is also important to realize that housekeeping genes
(genes expressed uniformly across conditions) must not
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tions present uniformly across conditions). Genes normally
thought of as housekeeping may, at the network level, show a
rich pattern of both static and differential interactions. Future
differential analyses may allow us to better characterize the
role that a variety of housekeeping genes play in a variety of
dynamic cellular behaviors and responses.
Statistical treatment of differential
networks: a ‘Call to Arms’
Despite the increasing number of differential networks that
have been generated to date, there has been very little work
devoted to understanding the statistical issues associated with
such networks. Differential network analysis introduces a
number of statistical challenges, only some of which have
been appreciated. For instance, differential analysis across
conditions can mitigate experimental biases or errors that
affect each condition in the same way, that is, systematic
experimental artifacts that are reproducible. In this case,
differences between a reference and a control may be
meaningful even where absolute measurements are not (Kerr
et al, 2000; Hatﬁeld et al, 2003). However, in the general case,
the difference of two static interaction measurements, with
each inﬂuenced by independent errors, has variance equal to
twice than that of either static measurement taken separately.
Thus, it will be important to understand the relative contribu-
tion of the systematic and independent errors inﬂuencing an
interaction mapping experiment. In the near future, we should
attempt to tackle these and other statistical aspects of
differential network maps, and doing so will undoubtedly
lead to important insights and improvements in the published
interaction maps. Certainly, there have been hundreds of
manuscripts reporting on methods for differential analysis of
gene expression data, which provides a pool of possible
methods and suggests that there is at least some effort that
should be pursued on the topic of differential analysis of
networks.
Perspective and future directions
Where to now? In the future, more comprehensive and
quantitative study of physical and genetic interaction maps
across species and within a species under different conditions
will be crucial for understanding both global evolutionary
trends as well as how speciﬁc pathways are re-wired in the
presence of an exogenous stress. We expect that many more
interaction maps will be generated in the presence of drugs, as
was donewith the MMS dE-MAP (Bandyopadhyayet al, 2010),
but using different concentrations and in a time-dependent
manner after exposure to the compound. Such work would
provide insight into drug response as well as how ultimately
drug resistance is manifested within interaction networks.
Another extension of this work would include genetic
interaction mapping of analog-sensitive kinase mutants in
the presence of the relevant compound, which speciﬁcally
inhibits the kinase (Bishop et al, 2000) to more accurately
ascertain which effects on signaling cascades are primary and
which occur downstream (J Kliegman and K Shokat, personal
communication). Also, innovative applications of microscopy
may allow us to determine how networks change in cells as
they come into contact with different cell types (Jorgensen
et al, 2009), as well as how they spatially change within an
organism in a condition and time-dependent manner (Maeder
et al, 2007).
It is important to recognize that organisms normally do not
exist in isolation, but participate in pathogenic or symbiotic
relationships with other organisms which impinge on the
biochemical and genetic make-up of all species involved
(Fischbach and Krogan, 2010). Understanding the dynamics of
inter-species, molecular level interactions will be key to help
unravel these complicated relationships. Pathogenic organ-
isms—in particular viruses—have relatively small genomes
(B10–100) and thus rely heavily on key host machinery for
infection and propagation, making them excellent probes for
understanding the dynamics of mammalian biological sys-
tems. Viral proteins will be involved in hijacking key
molecular machines within the host and reconﬁguring their
physical and genetic interactions during infection. In many
ways, infection from another organism represents the ultimate
‘stress’ on a system and characterizing host–pathogen PPIs
using strategies that target pairwise interactions (Mukhtar
et al, 2011) or protein complexes (Ja ¨ger et al, 2011) will be key
to understanding how host cellular pathways are re-wired
during the course of infection. Analyzing these connections in
a time-dependent and post-infection manner will also show
how the host attempts to respond to the foreign host
machinery.
Work is also ongoing to use networks to gain insight into
different disease states (Braun et al, 2008; Pawson and
Linding, 2008). For instance, Goh et al (2007) show that there
is a higher degree of physical connectivity between proteins
whose genes are mutated in the same disease state. More
detailed studies of how these individual mutations would
perturb speciﬁc interactions will provide greater insight into
themolecularbasisofthesediseases(Zhongetal,2009).Inthe
future, network biology can also be used to predict the onset
and severity of speciﬁc disease states. For example, several
groups have shown that alterations in the physical interaction
networkcanbeapowerfulindicatorofbreastcancerprognosis
(Chuang et al, 2007; Taylor et al, 2009).
Finally, an important question moving forward is the extent
to which network representations are able to faithfully capture
cellular structure and behavior at all. Even allowing for
dynamic interactions, it is not given that network models offer
thebestdescriptionoftheprocessesongoinginacell.Network
models typically represent a protein or other molecule as a
single node ‘wired’ to others to represent known molecular
interactions. These network representations have been very
useful to recognize functional modules such as protein
complexes (Bader and Hogue, 2003), transcriptional circuits
(Tsong et al, 2003) and signaling pathways (Steffen et al,
2002). They have also been useful for the study of unifying
network topologies and architectures, which link molecular
biology with many other scientiﬁc disciplines that involve
networks (Milo et al, 2002; Barabasi, 2009; Liu et al, 2011).
Ontheotherhand,althoughconceptuallyuseful,itisclearthat
network ‘wires’ have little resemblance to the physical reality,
in which a population of potentially many copies of a protein
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experiences a variety of opportunities for interaction that
range in timing, afﬁnity, speciﬁcity and stoichiometry. None-
theless, there is likely still much mileage to be gained with the
networks view before graduating to the next one, whatever
shape that may take.
Conclusion
After years of static genetic and physical interaction mapping,
differential network analysis is now becoming prevalent as
a tool to more comprehensively interrogate biological systems
in a variety of organisms. Conceptually, differential analysis is
not new but has been a successful mode of genomic and
proteomic analysis fordecades. Rather, a major reason for this
advancement can be attributed to the fact that experimental
and computational methods for network mapping are becom-
ing more robust, quantitative, and high-throughput. Even
though many insights still remain to be extracted from static
interaction maps, differential mapping will allow us to explore
a previously unexplored interactome and biological space,
ultimately providing a deeper understanding of complex
biological phenomena.
Acknowledgements
We thank P Beltrao and R Srivas for critically reading the manuscript.
This work was supported by grants from the NIH (GM085764 and
GM084279 to TI and GM084448, GM084279, GM081879 and
GM098101 to NJK). TI is a David and Lucille Packard Fellow. NJK is
a Searle Scholar and a Keck Young Investigator.
Conﬂict of interest
The authors declare that they have no conﬂict of interest.
References
Aebersold R, Mann M (2003) Mass spectrometry-based proteomics.
Nature 422: 198–207
Andersen CL, Jensen JL, Orntoft TF (2004) Normalization of real-time
quantitative reverse transcription-PCR data: a model-based
variance estimation approach to identify genes suited for
normalization, applied to bladder and colon cancer data sets.
Cancer Res 64: 5245–5250
Aranda B, Achuthan P, Alam-Faruque Y, Armean I, Bridge A, Derow C,
Feuermann M, Ghanbarian AT, Kerrien S, Khadake J, Kerssemakers
J,LeroyC,MendenM,MichautM,Montecchi-PalazziL,Neuhauser
SN, Orchard S, Perreau V, Roechert B, van Eijk K et al (2010) The
IntAct molecular interaction database in 2010. Nucleic Acids Res 38:
D525–D531
Bader GD, Hogue CW (2003) An automated method for ﬁnding
molecular complexes in large protein interaction networks. BMC
Bioinformatics 4: 2
Bakal C, Linding R, Llense F, Heffern E, Martin-Blanco E, Pawson T,
Perrimon N (2008) Phosphorylation networks regulating JNK
activity in diverse genetic backgrounds. Science 322: 453–456
Bandyopadhyay S, Mehta M, Kuo D, Sung MK, Chuang R, Jaehnig EJ,
Bodenmiller B, Licon K, Copeland W, Shales M, Fiedler D,
Dutkowski J, Guenole A, van Attikum H, Shokat KM, Kolodner
RD, Huh WK, Aebersold R, Keogh MC, Krogan NJ et al (2010)
Rewiring of genetic networks in response to DNA damage. Science
330: 1385–1389
Barabasi AL (2009) Scale-free networks: a decade and beyond. Science
325: 412–413
Barrios-Rodiles M, Brown KR, Ozdamar B, Bose R, Liu Z, Donovan RS,
Shinjo F, Liu Y, Dembowy J, Taylor IW, Luga V, Przulj N, Robinson
M, Suzuki H, Hayashizaki Y, Jurisica I, Wrana JL (2005) High-
throughput mapping of a dynamic signaling network in
mammalian cells. Science 307: 1621–1625
Beltrao P, Cagney G, Krogan NJ (2010) Quantitative genetic
interactions reveal biological modularity. Cell 141: 739–745
Beltrao P, Trinidad JC, Fiedler D, Roguev A, Lim WA, Shokat KM,
BurlingameAL, Krogan NJ (2009) Evolution of phosphoregulation:
comparison of phosphorylation patterns across yeast species. PLoS
Biol 7: e1000134
Bishop AC, Ubersax JA, Petsch DT, Matheos DP, Gray NS, Blethrow J,
Shimizu E, Tsien JZ, Schultz PG, Rose MD, Wood JL, Morgan DO,
Shokat KM (2000) A chemical switch for inhibitor-sensitive alleles
of any protein kinase. Nature 407: 395–401
Bisson N, James DA, Ivosev G, Tate SA, Bonner R, Taylor L, Pawson T
(2011) Selected reaction monitoring mass spectrometry reveals the
dynamics of signaling through the GRB2 adaptor. Nat Biotechnol
29: 653–658
BornemanAR,GianoulisTA,ZhangZD,YuH,RozowskyJ,Seringhaus
MR, Wang LY, Gerstein M, Snyder M (2007) Divergence of
transcription factor binding sites across related yeast species.
Science 317: 815–819
Braun P, Rietman E, Vidal M (2008) Networking metabolites and
diseases. Proc Natl Acad Sci USA 105: 9849–9850
Butland G, Babu M, Diaz-Mejia JJ, Bohdana F, Phanse S, Gold B, Yang
W, Li J, Gagarinova AG, Pogoutse O, Mori H, Wanner BL, Lo H,
Wasniewski J, Christopolous C, Ali M, Venn P, Safavi-Naini A,
SourourN,CaronSetal(2008)eSGA:E.colisyntheticgeneticarray
analysis. Nature Methods 5: 789–795
Butland G, Peregrin-Alvarez JM, Li J, Yang W, Yang X, Canadien V,
Starostine A, Richards D, Beattie B, Krogan N, Davey M, Parkinson
J, Greenblatt J, Emili A (2005) Interaction network containing
conserved and essential protein complexes in Escherichia coli.
Nature 433: 531–537
Chuang HY, Lee E, Liu YT, Lee D, Ideker T (2007) Network-based
classiﬁcation of breast cancer metastasis. Mol Syst Biol 3: 140
Collins SR, Miller KM, Maas NL, Roguev A, Fillingham J, Chu CS,
Schuldiner M, Gebbia M, Recht J, Shales M, Ding H, Xu H, Han J,
Ingvarsdottir K, Cheng B, Andrews B, Boone C, Berger SL, Hieter P,
Zhang Z et al (2007) Functional dissection of protein complexes
involved in yeast chromosome biology using a genetic interaction
map. Nature 446: 806–810
Consortium AIM (2011) Evidence for network evolution in an
Arabidopsis interactome map. Science 333: 601–607
Costanzo M, Baryshnikova A, Bellay J, Kim Y, Spear ED, Sevier CS,
Ding H, Koh JL, Touﬁghi K, Mostafavi S, Prinz J, St Onge RP,
VanderSluisB,MakhnevychT,VizeacoumarFJ,AlizadehS,BahrS,
Brost RL, Chen Y, Cokol M et al (2010) The genetic landscape of a
cell. Science 327: 425–431
de Lichtenberg U, Jensen LJ, Brunak S, Bork P (2005) Dynamic
complexformationduringtheyeastcellcycle.Science307:724–727
DixonSJ,FedyshynY,KohJL,PrasadTS,ChahwanC,ChuaG,Touﬁghi
K, Baryshnikova A, Hayles J, Hoe KL, Kim DU, Park HO, Myers CL,
Pandey A, Durocher D, Andrews BJ, Boone C (2008) Signiﬁcant
conservation of synthetic lethal genetic interaction networks
between distantly related eukaryotes. Proc Natl Acad Sci USA 105:
16653–16658
Fischbach MA, Krogan NJ (2010) The next frontier of systems biology:
higher-order and interspecies interactions. Genome Biol 11: 208
Gavin AC, Aloy P, Grandi P, Krause R, Boesche M, Marzioch M, Rau C,
Jensen LJ, Bastuck S, Dumpelfeld B, Edelmann A, Heurtier MA,
Hoffman V, Hoefert C, Klein K, Hudak M, Michon AM, Schelder M,
Schirle M, Remor M et al (2006) Proteome survey reveals
modularity of the yeast cell machinery. Nature 440: 631–636
Differential network biology
T Ideker and NJ Krogan
& 2012 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2012 7Goh KI, Cusick ME, Valle D, Childs B, Vidal M, Barabasi AL (2007) The
human disease network. Proc Natl Acad Sci USA 104: 8685–8690
Gygi SP, Rist B, Gerber SA, Turecek F, Gelb MH, Aebersold R (1999)
Quantitative analysis of complex protein mixtures using isotope-
coded afﬁnity tags. Nat Biotechnol 17: 994–999
Harbison CT, Gordon DB, Lee TI, Rinaldi NJ, Macisaac KD, Danford
TW, Hannett NM, Tagne JB, Reynolds DB, Yoo J, Jennings EG,
Zeitlinger J, Pokholok DK, Kellis M, Rolfe PA, Takusagawa KT,
Lander ES, Gifford DK, Fraenkel E, Young RA (2004) Transcriptional
regulatory code of a eukaryotic genome. Nature 431: 99–104
Hatﬁeld GW, Hung SP, Baldi P (2003) Differential analysis of DNA
microarray gene expression data. Mol Microbiol 47: 871–877
Holt LJ, Tuch BB, Villen J, Johnson AD, Gygi SP, Morgan DO (2009)
Global analysis of Cdk1 substrate phosphorylation sites provides
insights into evolution. Science 325: 1682–1686
Horn T, Sandmann T, Fischer B, Axelsson E, Huber W, Boutros M
(2011) Mapping of signaling networks through synthetic genetic
interaction analysis by RNAi. Nature Methods 8: 341–346
Ideker T, Ozier O, Schwikowski B, Siegel AF (2002) Discovering
regulatory and signalling circuits in molecular interaction
networks. Bioinformatics 18(Suppl 1): S233–S240
Iyer VR, Horak CE, Scafe CS, Botstein D, Snyder M, Brown PO (2001)
Genomic binding sites of the yeast cell-cycle transcription factors
SBF and MBF. Nature 409: 533–538
Ja ¨ger S, Cimermancic P, Gulbahce N, Johnson JR, McGovern KE,
ClarkeSC, ShalesM,MercenneG,PacheL,LiK, HernandezH, Jang
GM,RothSL,AkivaE,MarlettJ,StephensM,D’OrsoI,FernandesJ,
Fahey M, Mahon C et al (2011) Global landscape of HIV-human
protein complexes. Nature (advance online publication, 21 December
2011; doi:10.1038/nature10719)
Jorgensen C, Sherman A, Chen GI, Pasculescu A, Poliakov A, Hsiung
M, Larsen B, Wilkinson DG, Linding R, Pawson T (2009) Cell-
speciﬁc information processing in segregating populations of Eph
receptor ephrin-expressing cells. Science 326: 1502–1509
Kapitzky L, Beltrao P, Berens TJ, Gassner N, Zhou C, Wuster A, Wu J,
Babu MM, Elledge SJ, Toczyski D, Lokey RS, Krogan NJ (2010)
Cross-species chemogenomic proﬁling reveals evolutionarily
conserved drug mode of action. Mol Syst Biol 6: 451
Kelley BP, Sharan R, Karp RM, Sittler T, Root DE, Stockwell BR, Ideker
T (2003)Conservedpathways withinbacteriaand yeastas revealed
by global protein network alignment. Proc Natl Acad Sci USA 100:
11394–11399
Kerr MK, Martin M, Churchill GA (2000) Analysis of variance for gene
expression microarray data. J Comput Biol 7: 819–837
Keshava Prasad TS, Goel R, Kandasamy K, Keerthikumar S, Kumar S,
Mathivanan S, Telikicherla D, Raju R, Shafreen B, Venugopal A,
Balakrishnan L, Marimuthu A, Banerjee S, Somanathan DS,
Sebastian A, Rani S, Ray S, Harrys Kishore CJ, Kanth S, Ahmed M
et al (2009) Human Protein Reference Database—2009 update.
Nucleic Acids Res 37: D767–D772
KroganNJ,CagneyG,YuH,ZhongG,GuoX,IgnatchenkoA,LiJ,PuS,
Datta N, Tikuisis AP, Punna T, Peregrin-Alvarez JM, Shales M,
Zhang X, Davey M, Robinson MD, Paccanaro A, Bray JE, Sheung A,
Beattie B et al (2006) Global landscape of protein complexes in the
yeast Saccharomyces cerevisiae. Nature 440: 637–643
Lambert JP, Fillingham J, Siahbazi M, Greenblatt J, Baetz K, Figeys D
(2010) Deﬁning the budding yeast chromatin-associated
interactome. Mol Syst Biol 6: 448
Lewin B (2007) Genes IX. Burlington, MA: Jones and Bartlett Learning
Liang P, Pardee AB (1992) Differential displayof eukaryotic messenger
RNA by means of the polymerase chain reaction. Science 257:
967–971
Linding R, Jensen LJ, Ostheimer GJ, van Vugt MA, Jorgensen C, Miron
IM, Diella F, Colwill K, Taylor L, Elder K, Metalnikov P, Nguyen V,
Pasculescu A, Jin J, Park JG, Samson LD, Woodgett JR, Russell RB,
Bork P, Yaffe MB et al (2007) Systematic discovery of in vivo
phosphorylation networks. Cell 129: 1415–1426
Liu YY, Slotine JJ, Barabasi AL (2011) Controllability of complex
networks. Nature 473: 167–173
Luscombe NM, Babu MM, Yu H, Snyder M, Teichmann SA, Gerstein M
(2004) Genomic analysis of regulatory network dynamics reveals
large topological changes. Nature 431: 308–312
Maeder CI, Hink MA, Kinkhabwala A, Mayr R, Bastiaens PI, Knop M
(2007) Spatial regulation of Fus3 MAP kinase activity through a
reaction-diffusion mechanism in yeast pheromone signalling. Nat
Cell Biol 9: 1319–1326
Matthews LR, Vaglio P, Reboul J, Ge H, Davis BP, Garrels J, Vincent S,
Vidal M (2001) Identiﬁcation of potential interaction networks
using sequence-based searches for conserved protein-protein
interactions or ‘‘interologs’’. Genome Res 11: 2120–2126
Milo R, Shen-Orr S, Itzkovitz S, Kashtan N, Chklovskii D, Alon U
(2002) Network motifs: simple building blocks of complex
networks. Science 298: 824–827
Mukhtar MS, Carvunis AR, Dreze M, Epple P, Steinbrenner J, Moore J,
Tasan M, Galli M, Hao T, Nishimura MT, Pevzner SJ, Donovan SE,
Ghamsari L, Santhanam B, Romero V, Poulin MM, Gebreab F,
Gutierrez BJ, Tam S, Monachello D et al (2011) Independently
evolved virulence effectors converge onto hubs in a plant immune
system network. Science 333: 596–601
Nagai S, Dubrana K, Tsai-Pﬂugfelder M, Davidson MB, Roberts TM,
Brown GW, Varela E, Hediger F, Gasser SM, Krogan NJ (2008)
Functional targeting of DNA damage to a nuclear pore-associated
SUMO-dependent ubiquitin ligase. Science 322: 597–602
OngSE,BlagoevB,KratchmarovaI,KristensenDB,SteenH, PandeyA,
Mann M (2002) Stable isotope labeling by amino acids in cell
culture, SILAC, as a simple and accurate approach to expression
proteomics. Mol Cell Proteomics 1: 376–386
Pawson T, Linding R (2008) Network medicine. FEBS Lett 582:
1266–1270
PtacekJ,DevganG,MichaudG,ZhuH,ZhuX,FasoloJ,GuoH,JonaG,
BreitkreutzA,SopkoR,McCartneyRR,SchmidtMC,RachidiN,Lee
SJ, Mah AS, Meng L, Stark MJ, Stern DF, De Virgilio C, Tyers M et al
(2005) Global analysis of protein phosphorylation in yeast. Nature
438: 679–684
RenB,RobertF,WyrickJJ,AparicioO,JenningsEG,SimonI,Zeitlinger
J, Schreiber J, Hannett N, Kanin E, Volkert TL, Wilson CJ, Bell SP,
Young RA (2000) Genome-wide location and function of DNA
binding proteins. Science 290: 2306–2309
Roguev A, Bandyopadhyay S, Zofall M, Zhang K, Fischer T, Collins SR,
Qu H, Shales M, Park HO, Hayles J, Hoe KL, Kim DU, Ideker T,
Grewal SI, Weissman JS, Krogan NJ (2008) Conservation and
rewiring of functional modules revealed by an epistasis map in
ﬁssion yeast. Science 322: 405–410
Roguev A, Wiren M, Weissman JS, Krogan NJ (2007) High-throughput
geneticinteractionmappingintheﬁssionyeastSchizosaccharomyces
pombe. Nature Methods 4: 861–866
Sauer U (2004) High-throughput phenomics: experimental methods
for mapping ﬂuxomes. Curr Opin Biotechnol 15: 58–63
Schena M, Shalon D, Davis RW, Brown PO (1995) Quantitative
monitoringofgeneexpressionpatternswithacomplementaryDNA
microarray. Science 270: 467–470
Schmidt D, Wilson MD, Ballester B, Schwalie PC, Brown GD, Marshall
A, Kutter C, Watt S, Martinez-Jimenez CP, Mackay S, Talianidis I,
Flicek P, Odom DT (2010) Five-vertebrate ChIP-seq reveals the
evolutionarydynamics of transcription factor binding. Science 328:
1036–1040
Schuldiner M, Collins SR, Thompson NJ, Denic V, Bhamidipati A,
Punna T, Ihmels J, Andrews B, Boone C, Greenblatt JF, Weissman
JS, Krogan NJ (2005) Exploration of the function and organization
of the yeast early secretory pathway through an epistatic miniarray
proﬁle. Cell 123: 507–519
Sharan R, Suthram S, Kelley RM, Kuhn T, McCuine S, Uetz P,
Sittler T, Karp RM, Ideker T (2005) Conserved patterns of protein
interaction in multiple species. Proc Natl Acad Sci USA 102:
1974–1979
Sowa ME, Bennett EJ, Gygi SP, Harper JW (2009) Deﬁning the human
deubiquitinating enzyme interaction landscape. Cell 138: 389–403
Differential network biology
T Ideker and NJ Krogan
8 Molecular Systems Biology 2012 & 2012 EMBO and Macmillan Publishers LimitedSpitzer M, Grifﬁths E, Blakely KM, Wildenhain J, Ejim L, Rossi L, De
Pascale G, Curak J, Brown E, Tyers M, Wright GD (2011) Cross-
species discovery of syncretic drug combinations that potentiate
the antifungal ﬂuconazole. Mol Syst Biol 7: 499
Stark C, Breitkreutz BJ, Chatr-Aryamontri A, Boucher L, Oughtred R,
Livstone MS, Nixon J, Van Auken K, Wang X, Shi X, Reguly T, Rust
JM, Winter A, Dolinski K, Tyers M (2011) The BioGRID Interaction
Database: 2011 update. Nucleic Acids Res 39: D698–D704
Steffen M, Petti A, Aach J, D0Haeseleer P, Church G (2002) Automated
modelling of signal transduction networks. BMC Bioinformatics
3: 34
Stelzl U, Worm U, Lalowski M, Haenig C, Brembeck FH, Goehler H,
Stroedicke M, Zenkner M, Schoenherr A, Koeppen S, Timm J,
MintzlaffS,AbrahamC,BockN,KietzmannS,GoeddeA,ToksozE,
Droege A, Krobitsch S, Korn B et al (2005) A human protein-protein
interaction network: a resource for annotating the proteome. Cell
122: 957–968
StOngeRP,ManiR,OhJ,ProctorM,FungE,DavisRW,NislowC, Roth
FP, Giaever G (2007) Systematic pathway analysis using high-
resolution ﬁtness proﬁling of combinatorial gene deletions. Nat
Genet 39: 199–206
Tan CS, Bodenmiller B, Pasculescu A, Jovanovic M, Hengartner MO,
Jorgensen C, Bader GD, Aebersold R, Pawson T, Linding R (2009)
Comparative analysis reveals conserved protein phosphorylation
networks implicated in multiple diseases. Sci Signal 2: ra39
Tarassov K, Messier V, Landry CR, Radinovic S, Serna Molina MM,
Shames I, Malitskaya Y, Vogel J, Bussey H, Michnick SW (2008)
An in vivo map of the yeast protein interactome. Science 320:
1465–1470
TaylorIW,LindingR,Warde-FarleyD,LiuY,PesquitaC,FariaD,BullS,
Pawson T, Morris Q, Wrana JL (2009) Dynamic modularity in
protein interaction networks predicts breast cancer outcome. Nat
Biotechnol 27: 199–204
Tong AH, Evangelista M, Parsons AB, Xu H, Bader GD, Page N,
Robinson M, Raghibizadeh S, Hogue CW, Bussey H, Andrews B,
Tyers M, Boone C (2001) Systematic genetic analysis with ordered
arrays of yeast deletion mutants. Science 294: 2364–2368
Tsong AE, Miller MG, Raisner RM, Johnson AD (2003) Evolution of a
combinatorial transcriptional circuit: a case study in yeasts. Cell
115: 389–399
Tuch BB, Galgoczy DJ, Hernday AD, Li H, Johnson AD (2008) The
evolution of combinatorial gene regulation in fungi. PLoS
Biol 6: e38
Typas A, Nichols RJ, Siegele DA, Shales M, Collins SR, Lim B, Braberg
H, Yamamoto N, Takeuchi R, Wanner BL, Mori H, Weissman JS,
Krogan NJ, Gross CA (2008) High-throughput, quantitative analyses
of genetic interactions in E. coli. Nature Methods 5: 781–787
Warde-FarleyD,DonaldsonSL,ComesO,ZuberiK,BadrawiR,ChaoP,
Franz M, Grouios C, Kazi F, Lopes CT, Maitland A, Mostafavi S,
Montojo J, Shao Q, Wright G, Bader GD, Morris Q (2010) The
GeneMANIA prediction server: biological network integration for
gene prioritization and predicting gene function. Nucleic Acids Res
38: W214–W220
Wilmes GM, Bergkessel M, Bandyopadhyay S, Shales M, Braberg H,
Cagney G, Collins SR, Whitworth GB, Kress TL, Weissman JS,
Ideker T, Guthrie C, Krogan NJ (2008) A genetic interaction map of
RNA-processing factors reveals links between Sem1/Dss1-
containing complexes and mRNA export and splicing. Mol Cell
32: 735–746
Winzeler EA, Shoemaker DD, Astromoff A, Liang H, Anderson K,
Andre B, Bangham R, Benito R, Boeke JD, Bussey H, Chu AM,
Connelly C, Davis K, Dietrich F, Dow SW, El Bakkoury M, Foury F,
Friend SH, Gentalen E, Giaever G et al (1999) Functional
characterization of the S. cerevisiae genome by gene deletion and
parallel analysis. Science 285: 901–906
Workman CT, Mak HC, McCuine S, Tagne JB, Agarwal M, Ozier O,
Begley TJ, Samson LD, Ideker T (2006) A systems approach to
mapping DNA damage response pathways. Science 312: 1054–1059
Xenarios I, Salwinski L, Duan XJ, Higney P, Kim SM, Eisenberg D
(2002) DIP, the Database of Interacting Proteins: a research tool for
studyingcellularnetworksofproteininteractions.NucleicAcidsRes
30: 303–305
Yu H, Braun P, Yildirim MA, Lemmens I, Venkatesan K, Sahalie J,
Hirozane-Kishikawa T, Gebreab F, Li N, Simonis N, Hao T, Rual JF,
Dricot A, Vazquez A, Murray RR, Simon C, Tardivo L, Tam S,
Svrzikapa N, Fan C et al (2008) High-quality binary protein
interaction map of the yeast interactome network. Science 322:
104–110
Yu H, Luscombe NM, Lu HX, Zhu X, Xia Y, Han JD, Bertin N, Chung S,
Vidal M, Gerstein M (2004) Annotation transfer between genomes:
protein-protein interologs and protein-DNA regulogs. Genome Res
14: 1107–1118
Zhao R, Davey M, Hsu YC, Kaplanek P, Tong A, Parsons AB, Krogan N,
Cagney G, Mai D, Greenblatt J, Boone C, Emili A, Houry WA (2005)
Navigating the chaperone network: an integrative map of physical
and genetic interactions mediated by the hsp90 chaperone. Cell
120: 715–727
ZhongQ,SimonisN,LiQR,CharloteauxB,HeuzeF,KlitgordN,TamS,
Yu H, Venkatesan K, Mou D, Swearingen V, Yildirim MA, Yan H,
Dricot A, Szeto D, Lin C, Hao T, Fan C, Milstein S, Dupuy D et al
(2009) Edgetic perturbation models of human inherited disorders.
Mol Syst Biol 5: 321
MolecularSystemsBiologyisanopen-accessjournal
publishedbyEuropeanMolecularBiologyOrganiza-
tionandNaturePublishingGroup.Thisworkislicensedundera
Creative CommonsAttribution-Noncommercial-Share Alike3.0
Unported License.
Differential network biology
T Ideker and NJ Krogan
& 2012 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2012 9